). We are very grateful to the editor, Ike Mathur, an anomalous referee, and an anomalous associate editor for very insightful and constructive comments, which greatly improve the exposition of the paper. We thank Andrew Ang, Yokov Amihud, John Campbell, and Lu Zhang as well as seminar participants at the University of Cincinnati (2006), we find that stocks with high idiosyncratic variance (IV) have low CAPM-adjusted expected returns in both pre-1962 U.S. and modern G7 data. We also test the conjecture that IV is a proxy of systematic risk in three ways. First, the return difference between low and high IV stocks-that we dub as IVF-is priced in the cross-section of stock returns. Second, loadings on lagged market variance and lagged average IV account for a significant portion of variation in average returns on portfolios sorted by IV. Third, the variance of IVF is closely correlated with average IV, and they have similar explanatory power for the time-series and cross-sectional stock returns.
I. Introduction
Recent studies indicate that realized idiosyncratic variance (IV) forecasts stock returns in two ways. First is the cross-sectional effect. Easley, Hvidkjaer, and O'Hara (2002) and Ang, Hodrick, Xing, and Zhang (2006) find that high IV stocks have lower CAPM-adjusted expected returns than do low IV stocks in the post-1962 U.S. CRSP (Center for Research in Security Analysis) data. Second is the time-series effect. Guo and Savickas (2008) show that when in conjunction with stock market variance (MV), value-weighted average IV (VWAIV) correlates negatively with future market returns in G7 countries. These authors also uncover a positive relation between MV and expected market returns.
The negative relation between IV and expected stock returns appears to be puzzling. In particular, some early authors, e.g., Levy (1978) , Merton (1987) , and Malkiel and Xu (2002) ,
have argued that the relation should be positive. Because existing studies do not provide a conclusive explanation, there is a concern that the negative effect of IV on expected stock returns is specific to the post-1962 U.S. sample. As a robustness check, we revisit the issue using two previously unexplored datasets: (1) the newly available pre-1962 CRSP data of U.S. and (2) the Datastream data of G7 countries. We find that the negative cross-sectional IV effect is a pervasive phenomenon and thus cannot be simply attributed to data snooping.
Our empirical findings also suggest that the IV effects might reflect systematic risk. The return difference between low and high IV stocks-that we dub as IVF-is significantly priced in the cross-section of stock returns. Realized variances of market returns and of IVF jointly forecast stock returns across time; interestingly, loadings on the two variables have significant explanatory power for the average returns on portfolios sorted by IV. Moreover, the variance of IVF is closely correlated with VWAIV, and the two variables have similar time-series and cross-sectional explanatory power for stock returns. The close link between time-series and crosssectional return predictability suggests a risk-based explanation of the IV effects.
We explore further a tentative explanation of the IV effects based on the conjecture that high IV stocks are more sensitive to discount-rate shocks than are low IV stocks. The conjecture is built on two arguments. First, recent empirical studies have documented a close relation between IV and investment opportunities. Cao, Simin, and Zhao (2008) , for example, find that firms with high IV are usually the firms with abundant growth options. Similarly, Pastor and Veronesi (2003) and Wei and Zhang (2006) show that high IV stocks tend to be young and small; have a low book-to-market equity ratio, low returns on equity, and high volatility of profitability; and pay no dividends. Second, the seminal work by Berk, Green, and Naik (1999) suggests that the valuation of growth options depends crucially on discount rates because unlike assets in place, they tend to generate cash flows in the distant future. Following this intuition, Lettau and Wachter (2007) develop a partial equilibrium model, in which growth stocks are more sensitive to discount-rate shocks than are value stocks because the former have longer durations. 1 We find that, consistent with the maintained hypothesis, returns on high IV stocks are negatively related to future market returns, while the predictive power is negligible for low IV stocks.
Therefore, high IV stocks have lower expected returns than do low IV stocks possibly because, as emphasized by Campbell (1993) , discount-rate shocks are not as risky as cash-flow shocks.
IVF is priced in the cross-section of stock returns possibly because of its relation with discountrate shocks-e.g., IVF has significant predictive power for market returns.
The potential explanation for the cross-sectional IV effect is related to that proposed by Campbell and Vuolteenaho (2004) for the B/M effect-stocks with high B/M (value stocks) have higher expected returns than stocks with low B/M (growth stocks) because the latter are more and possibly because, as argued by Chua, Goh, and Zhang (2009) , conditional IV (as used in Fu) and realized IV (as used in Ang, Hodrick, Xing, and Zhang) are measures of different risks. Goyal and Santa-Clara (2003) find a positive relation between equal-weighted average IV and future market returns in monthly data; however, Bali, Cakici, Yan, and Zhang (2005) show that their results are sensitive to the weighting scheme and the slight extension of the sample period. In a concurrent paper, Ang, Hodrick, Xing, and Zhang (2009) investigate the cross-sectional IV effect in G7 countries and find results qualitatively similar to ours. The focus of their paper is different, however. We investigate whether the IV effects reflect systematic risk, while Ang, Hodrick, Xing, and Zhang test whether the cross-sectional IV effect is related to the known cross-sectional patterns. Moreover, unlike this paper, Ang, Hodrick, Xing, and Zhang do not analyze the pre-1962 U.S. data.
The remainder of the paper is organized as follows. We explain the main refutable implications about the relation between the time-series and cross-sectional IV effects in Section II. We discuss data in Section III. We present the empirical results using U.S. data in Section IV and using international data in Section V. We conduct diagnostic tests in Section VI and offer some concluding remarks in Section VII.
II. Time-Series and Cross-Sectional IV Effects: Some Refutable Implications
Ang, Hodrick, Xing, and find that, as we confirm in this paper, there is strong comovement in IVF across countries. These authors suggest that broad, not easily diversifiable factors may lie behind this phenomenon. 3 Similarly, Guo and Savickas (2008) document strong comovement in VWAIV across G7 countries. Moreover, these authors find that loadings on lagged VWAIV and lagged MV help explain the cross-section of stock returns on portfolios sorted by B/M. In this paper, we hypothesize that the IV effects reflect systematic risk and test the hypothesis in three ways.
• IVF helps explain the cross-section of stock returns.
• Conditional variance of IVF forecasts stock returns across time when in conjunction with conditional market variance. Moreover, loadings on conditional variances of market returns and of IVF help explain the cross-section of stock returns.
• VWAIV is closely correlated with conditional variance of IVF; and the two variables have similar explanatory power for both time-series and cross-sectional stock returns.
Because we construct IVF using portfolios sorted by IV, the fact that IVF is priced in the portfolios sorted by IV does not necessarily imply that IVF reflects systematic risk. It is, however, not obvious why such a mechanical link explains that VWAIV or the variance of IVF is also significantly priced.
Recent studies, e.g., Cao, Simin, and Zhao (2008) , Pastor and Veronesi (2003) , and Wei and Zhang (2006) , find that firms with high IV tend to have abundant growth options. Because stocks with abundant growth options have cash flows in the distant future and thus have long durations, high IV stocks are likely to be especially sensitive to discount-rate shocks-the hedging risk factor in Campbell's (1993) ICAPM. This conjecture is similar to that proposed by Campbell and Vuolteehano (2004) for the B/M effect. Given the close relation between IV and B/M in data (e.g., Pastor and Veronesi (2003) ), it seems interesting to explore the interpretation for the IV effects in the context of discount-rate shocks. In this paper, we provide tentative tests of this conjecture in three ways.
• If, as hypothesized, high IV stocks are especially sensitive to discount-rate shocks, their returns should be negatively correlated with future market returns. In contrast, the predictive power should be much weaker for low IV stocks.
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• Using IVF as a proxy for the hedging risk factor helps uncover a positive risk-return relation.
• We expect a strong relation between IVF and HML; and the two variables should have similar explanatory power for the cross-section of stock returns.
Note that the refutable implications proposed in this section provide only necessary but not sufficient conditions for the rational pricing interpretation of the IV effects. Nevertheless, they help distinguish alternative hypotheses, for example, they pose a challenge to explanations based on data mining or irrational pricing.
III. Data
We use stock return data from CRSP for the U.S. over the period January 1926 to December 2005 and from the Datastream for G7 counties-Canada, France, Germany, Italy, Japan, U.K., and U.S.-over the period January 1973 to December 2003. Unless otherwise indicated, all returns are denominated in local currencies. We obtain the monthly risk-free rate data from CRSP for the U.S. and from IFS (the International Financial Statistics) for the other G7 countries. Because the risk-free rate is available only at the monthly frequency, we assume that the daily risk-free rate is constant within a month and compounds to the monthly risk-free rate. The daily excess stock return is the difference between the daily stock return and the daily risk-free rate.
We follow Ang, Hodrick, Xing, and Zhang (2006) in the construction of portfolios sorted by the CAPM-based IV. At the beginning of each month, we calculate realized IV, which is the sum of squared daily CAPM-based idiosyncratic shocks in the previous month. Stocks are then sorted equally by IV into quintile portfolios, for example, the first quintile includes stocks with the lowest IV and the fifth quintile includes stocks with the highest IV. The portfolios are held for one month and are rebalanced at the beginning of the next month, and so on. Unless otherwise indicated, we follow Ang, Hodrick, Xing, and Zhang and use value-weighted portfolio returns throughout the paper for the reasons described below.
Both the time-series and cross-sectional IV effects are found to be sensitive to weighting schemes. Guo and Savickas (2008) find that the equal-weighted average IV does not forecast market returns even when in conjunction with MV. Bali and Cakici (2008) note that the crosssectional IV effect attenuates substantially if using equal weighting scheme; in this paper, we find qualitatively similar results using both the early U.S. data and international data. The difference between equal and value weighting schemes may reflect two distinct effects of IV on stock returns. First, as we hypothesize in this paper, high IV stocks tend to have abundant growth options and thus are sensitive to discount-rate shocks. This hypothesis implies a negative relation between IV and CAPM-adjusted expected returns. Second, small stocks also tend to have higher IV than do large stocks because the former are less illiquid. This hypothesis implies a positive relation between IV and expected returns (e.g., Amihud and Mendelson (1989) and Spiegel and Wang (2005) ). As we show in next section (Tables 1 and 3 ), the negative crosssectional IV effect is noticeably weaker for small stocks than for big stocks. Therefore, the equal weighting scheme attenuates the negative relation between IV and expected returns possibly because it gives excess emphasis to small illiquid stocks. Because our major concern is whether the time-series and cross-sectional IV effects reflect intertemporal pricing, we mainly use the value weighting scheme in this paper unless otherwise indicated.
We aggregate IV across the 500 largest common stocks with value weighting to construct VWAIV; the results are qualitatively similar by using all CRSP common stocks. Following Merton (1980) and Andersen, Bollerslev, Diebold, and Labys (2003) , MV is the sum of squared daily excess stock market returns in a given period. We confirm that MV and VWAIV jointly have significant predictive power for excess market returns in both the modern and long U.S.
samples. For brevity, we do not report these results here but they are available on request.
Following the procedure recommended by Guo and Savickas (2008) , we have imposed some filters for the Datastream data for potential errors. Section V shows that for the U.S., the imposition of these filters produces the cross-sectional IV effect qualitatively similar to that obtained from the CRSP data. This result confirms the appropriateness of the following filters.
(1) The return index (Datastream variable RI) is rounded off by Datastream to the nearest tenth, and this rounding introduces substantial errors in returns of low RI stocks. Therefore, if the return index of a stock is below 3 in a day, we set the corresponding return to a missing value for that day. 5 (2) If the return on a stock is greater than 300 percent in a day, we set that return to a missing value. (3) If the absolute value of changes in capitalization is more than 50 percent in one day, the return for this stock is set to a missing value on that day. In a related study, Ang, Hodrick, Xing, and Zhang (2009) Because small stocks have substantially higher IV than do large stocks (e.g., Pastor and Veronesi (2003)), we explicitly control for size when forming portfolios. We first sort stocks equally into 5 portfolios by market capitalization and then sort the stocks within each size quintile equally into 5 portfolios by the CAPM-based IV. Because Ghysels, Santa-Clara, and Valkanov (2005) show that realized variance is a function of long distributed lags of past daily stock returns, we use quarterly MV and VWAIV to forecast one-quarter-ahead stock returns. We convert monthly portfolio returns into quarterly returns by simple compounding.
We first confirm the finding by Ang, Hodrick, Xing, and Zhang (2006) that there is a significant cross-sectional IV effect in the updated modern sample. Panel A of Table 1 reports the average excess return for each of the 25 portfolios sorted by size and the CAPM-based IV. S1 is the quintile of stocks with the smallest market capitalization and S5 is the quintile of stocks with the largest market capitalization. Within each size quintile, IV1 is the quintile of stocks with the lowest IV and IV5 is the quintile of stocks with the highest IV. Holding size constant, the quintile of stocks with the highest IV has lower average excess returns than do the other IV quintiles. Panel B reports the CAPM-based alpha for the return on a hedge portfolio that is long in IV1 and short in IV5. Alphas are significantly positive for the second to fifth size quintiles, and are positive and marginally significant for the first size quintile. Alphas are substantially larger than the differences in raw returns (as reported in panel A). This is because loadings on the market risk are smaller for low IV stocks than for high IV stocks.
Panel C of Table 1 shows that within each size quintile, the standard deviation of the CAPM-adjusted portfolio returns increases with IV. Because these portfolios are reasonably well diversified, the pattern suggests that portfolios with high IV stocks might be more sensitive to the risk factor(s) omitted from CAPM than are portfolios with low IV stocks.
In panels D to H of Table 1 , we present the OLS (ordinary least squares) estimation results of forecasting one-quarter-ahead excess portfolio returns using MV and VWAIV. Panels D and F show that for all portfolios, the coefficients on MV are positive and statistically significant at least at the 10% level. Within each size quintile, the coefficients on MV increase monotonically from IV1, the quintile of stocks with the lowest IV, to IV5, the quintile of stocks with the highest IV. Panels E and G show that the coefficients on VWAIV are negative for all portfolios; they are also statistically significant at least at the 10% level in most cases. Within each size quintile, the coefficients on VWAIV decrease monotonically from IV1 to IV5, and the spread in loadings between IV1 and IV5 is quite substantial.
Panel H of Table 1 shows that within each size quintile, 2 R -a measure of the portion of predictable variation in the portfolio returns-increases substantially from IV1 to IV5. For example, across the size quintiles, the average 2 R is about 1% for IV1, compared with about 10% for IV5. This pattern is consistent with the hypothesis that high IV stocks are more sensitive to discount-rate shocks than are low IV stocks. In subsection IV.C below, we show that returns on high IV stocks have significant predictive power for market returns, while the predictive power of low IV stocks is negligible.
Panel A of Table 2 investigates whether the coefficients on MV and VWAIV in the forecasting regression help explain the cross-section of stock returns on portfolios sorted by the CAPM-based IV. We use the Fama and MacBeth (1973) procedure in the cross-sectional regression. For each quarter, we run a regression of the 25 excess portfolio returns on the coefficients of MV and VWAIV obtained from the time-series regressions, as reported in panels D and E of Table 1 , respectively. Row 1 of Table 2 reveals a strong link between time-series and cross-sectional stock return predictability. The risk premium on VWAIV is positive and statistically significant at the 1% level, according to the t-statistic calculated using the Shanken (1992) corrected standard error. Moreover, the risk premium on MV is also positive and statistically significant at the 5% level. Overall, MV and VWAIV jointly account for 63% of cross-sectional variation in average portfolio returns. The cross-sectional 2 R is moderate possibly because of the relatively short sample used in the regression. As we show in the next subsection, it increases substantially to over 80% for the long U.S. sample.
We also investigate whether IVF-the equal-weighted average of the return difference between IV1 and IV5 across all size quintiles is a proxy of systematic risk. In the cross-sectional regression, we also include the market (MKT) and size (SMB) factors obtained from Ken French at Dartmouth College. We include the size factor to control for the potential bias introduced by forming portfolios first by market capitalization. The size factor may also capture systematic risk that is not explained by MKT and IVF. Row 2 of Table 2 shows that the factor IVF is positively priced and the associated risk premium is statistically significant at the 5% level.
Overall, the three factors jointly account for about 50% of cross-sectional variation in average portfolio returns. The moderate 2 R again reflects a power issue-it increases substantially to over 80% for the long U.S. sample, as we show in the next subsection.
If IVF is a proxy of systematic risk-e.g., a hedging factor in Merton's (1973) ICAPMits variance, which we dub as V_IVF, forecasts stock returns when in conjunction with MV.
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Consistent with this conjecture, we find a significantly negative relation between V_IVF and future market returns, while the relation is again positive for MV in the multivariate regression.
Moreover, V_IVF is closely correlated with VWAIV, with a correlation coefficient of about 80%; and the two variables have qualitatively similar predictive power for market returns. For brevity, these results are not reported but are available on request. In Table 2 , we investigate whether loadings on lagged V_IVF and on lagged MV help explain the cross-section of stock returns on the 25 portfolios sorted on size and the CAPM-based IV. Row 3 shows that both V_IVF and MV carry a positive risk premium, which is statistically significant at the 1% and 10% levels, respectively. Interestingly, after orthogonalizing V_IVF by VWAIV, we find that the residual, V_IVF + , has negligible explanatory power for the cross-sectional of stock return (row 4). The close relation between V_IVF and VWAIV suggests that VWAIV forecasts stock returns possibly because it is a proxy of the variance of a hedging factor omitted from CAPM.
To summarize, consistent with the rational pricing explanation, we find a close relation between the time-series and cross-sectional IV effects over the modern period 1964 to 2005.
6 V_IVF is the sum of squared daily IVF in a quarter.
B. The Full Sample: 1926 to 2005
As a robustness check, we also investigate the relation between the time-series and crosssectional IV effects using the long U.S. sample over the period 1926 to 2005. Table 3 shows that the main results obtained from the long sample are qualitatively similar to those for the modern sample (as reported in Table 1 ). First, the CAPM-based alphas for the return difference between IV1 (quintile of stocks with the lowest IV) and IV5 (quintile of stocks with the highest IV) are always positive; moreover, they are statistically significant at the 10% level for smallest size quintile and at the 1% level for the other size quintiles (panel B). Second, the coefficients on MV are always positive and are substantially larger for high IV stocks than for low IV stocks (panel D). Lastly, the coefficients on VWAIV are always negative and are substantially smaller for high IV stocks than for low IV stocks (panel E). Note that we also find qualitatively similar results over the early period 1926 to 1963; for brevity, they are not reported but are available on request. The cross-sectional IV effect, therefore, is not specific to the modern U.S. sample. Table 2 orthogonalizing V_IVF by VWAIV, we find that the residual, V_IVF + , carries a negative risk premium; by contrast, the risk premia of VWAIV and MV remain positive and highly significant (row 8). This result again reflects the close relation between V_IVF and VWAIV.
Panel B of
As indicated by t-statistics and the cross-sectional 2 R , the explanatory power of the proposed risk factors is noticeably stronger for the long sample (panel B of Table 3 ) than for the modern sample (panel A of Table 3 ). The difference reflects mainly the fact that, if the datagenerating process is relatively stable across time, we should improve the power of the tests by using a longer sample (as in panel B of Table 3 ). To illustrate this point, panel C of Table 3 reports the cross-sectional regression results using the early sample over the period 1926Q4 to 1963Q4. Row 9 shows that the results for the specification with VWAIV and MV as the explanatory variables are qualitatively similar to those reported in panels A and B. For example, the risk premia for VWAIV and MV are positive and statistically significant at the 5% and 10% levels, respectively; moreover, the two variables jointly account for about 77% of cross-sectional variation in average portfolio returns. For the cross-sectional regression that includes IVF (row 10) or V_IVF (row 11) as a risk factor, the results obtained from the early sample are similar to, but somewhat weaker than, those obtained from the modern or long samples. In the pre-1964 sample, while loadings on IVF and V_IVF are positively priced, the associated risk premia are statistically insignificant at the 10% level, however. One possible explanation is that the stock market is quite volatile in the early sample because of the 1929 stock market crash, the Great Depression, and the World War II. This fact may also explain why VWAIV and MV have relatively weaker forecasting power for portfolio returns in the long sample (as reported in Table   3 ) than in the modern sample (as reported in Table 1 ).
To summarize, we find qualitatively similar results using both the long and early U.S.
samples. The results suggest that the time-series and cross-sectional IV effects might reflect systematic risk. In the next subsection, we provide some tentative tests of the hypothesis that IV is a proxy of loadings on discount-rate shocks.
C. Additional Robustness Tests
Many authors, e.g., Graham and Dodd (1934) , Basu (1977 Basu ( , 1983 , Ball (1978) , and Rosenberg, Reid, and Lanstein (1985) , have found that stocks with high B/M have higher expected returns than do stocks with low B/M. The return difference, which Fama and French (1996) dub as HML, remains significantly positive even after controlling for its loadings on the market risk. The B/M effect is one of the most prominent anomalies in the asset pricing literature, and a number of explanations have been proposed. Among them, Fama and French (1996) suggest that the B/M effect reflects intertemporal pricing, i.e., HML is a hedging risk factor of Merton's (1973) ICAPM. 7 Fama and French's conjecture is consistent with recent empirical studies by Brennan, Wang, and Xia (2004) , Campbell and Vuolteenaho (2004) , Petkova (2006) , and Hahn and Lee (2006) , who find that discount-rate shocks have significant explanatory power in explaining the B/M effect. 8 Therefore, if the IV effect also reflects intertemporal asset pricing, it may be closely related to the B/M effect in a systematic manner.
This hypothesis is plausible also because there is a close relation between IV and B/M in the modern U.S. data, as documented by Pastor and Veronesi (2003) and others.
As conjectured, we find that HML is closely correlated with IVF over the modern period 1963Q1 to 2005Q4, with a correlation coefficient of about 50%. 9 More importantly, Table 4 shows that IVF performs just as well as HML in explaining the 25 Fama and French (1993) 7 A partial list of the other possible explanations includes distress risk, e.g., Fama and French (1992) ; mispricing pricing, e.g., Lakonishok, Shleifer, and Vishny (1994) ; data snooping, e.g., MacKinlay (1995); and conditional CAPM, e.g., Lettau and Ludvigson (2001) , Petkova and Zhang (2005) , and Ang and Chen (2007) . Recent authors, e.g., Berk, Green, and Naik (1999) , Gomes, Kogan, and Zhang (2003) , Zhang (2005) , and Lettau and Wachter (2007) , have developed partial equilibrium models to investigate the B/M effect theoretically. 8 Our results are also potentially consistent with the theoretical work by Zhang (2005) , who relates the B/M effects to time-varying equity premium in the conditional CAPM context. 9 We obtain the monthly portfolio return data from Ken French at Dartmouth College and convert monthly returns to quarterly returns through simple compounding. We focus only on the modern sample because several recent studies, e.g. , Campbell Vuolteenaho (2004) , Petkova and Zhang (2005) , Ang and Chen (2007) , and Fama and French (2006) , find that CAPM explains the B/M effect in the early period 1926 to 1963 but not in the modern sample. By contrast, the IV effect appears to be a more pervasive phenomenon than does the B//M effect because as we show in the next section, it cannot be explained by CAPM in the early sample. As a robustness check, we test whether IVF helps explain the expected returns on momentum or industry portfolios and find that its explanatory power is rather weak. Given the strong correlation between IVF and HML, the result should not be too surprising because HML does not explain the cross-section of stock returns on momentum (Fama and French (1996) ) and industry (Fama and French (1997) portfolios either. For brevity, these results are not reported here but are available on request.
Because discount rates are unobservable, we are unable to test the risk-based explanation directly. For example, Campbell and Vuolteenaho (2004) use estimated innovations in the variables that forecast market returns as a measure of discount-rate shocks. Chen and Zhao (2008) , however, have questioned their approach because it is potentially sensitive to the choice of forecasting variables. We can address this criticism partially using the hypothesis that high IV stocks are more sensitive to discount-rate shocks than are low IV stocks. One direct implication of this hypothesis is that high returns on lagged high IV stocks predict low future returns on the market as a whole. This implication is also consistent with the empirical finding by Eleswarapu and Reinganum (2004) , who find that high lagged returns on growth stocks predict low future stock market returns, while the predictive power is negligible for value stocks. We have argued that there is a close relation between the B/M effect and the IV effect. Therefore, to be comparable with the results reported by Eleswarapu and Reinganum, we follow their approach closely. Over the post-1950 period, we use the returns on high IV stocks in the previous twelve quarters to forecast excess market returns in the following four quarters. Table 5 shows that, as expected, the return on the portfolio of high IV stocks (IV5) is negatively related to future market returns, and such a relation is statistically significant at the 5% level except for the second size quintile. In contrast, the predictive power is statistically insignificant for returns on portfolios of low IV stocks (IV1) at the conventional significance level. By construction, IVF also has significant predictive power for market returns because of its correlation with returns on high IV stocks. This result suggests that IVF is priced in the cross-section of stock returns possibly because it is a proxy of discount-rate shocks.
Many early studies, e.g., Campbell (1987) , Glosten, Jagannathan, and Runkle (1993) , and Whitelaw (1994) , document a negative relation between conditional stock market risk and return. Scruggs (1998) and Guo and Whitelaw (2006) point out that the perverse negative risk-return relation in the stock market reflects an omitted variable problem because the expected excess market return also depends on its covariance with the hedging risk factor. If IVF is a proxy of the hedging factor, it might help uncover the positive relation between conditional market return and variance. To address this issue, we estimate a monthly bivariate GARCH model using IVF as a proxy of the hedging risk factor and report the results in Table 6 . We estimate the unrestricted model in row 1 and impose the restrictions of zero intercepts and the identical prices of risk across assets in row 2. Interestingly, for both specifications, we uncover a positive relation between conditional excess market return and variance after controlling for its conditional covariance with IVF. The hedging risk factor, IVF, is significantly priced as well.
To summarize, IVF is closely related to HML-an empirical risk factor that has been interpreted as a proxy of investment opportunities. Using IVF as a proxy of the hedging factor also helps uncover the positive risk-return relation. Moreover, returns on high IV stocks are negatively correlated with future market returns, while the predictive power is negligible for low IV stocks. These results are consistent with the hypothesis that the cross-sectional IV effect reflects systematic risk.
V. International Evidence

A. Returns on Quintile Portfolios Sorted by IV
As another out-of-sample test, in this subsection we investigate the cross-sectional IV effect using international data. Table 7 Table 7 shows that the CAPM-adjusted return difference between the low and high IV quintiles is positive in all the other G7 countries except for Italy. Moreover, the positive difference is statistically significant at the 5% level for Canada and Germany and at the 10% level for France. For the Japanese stock market, the annualized return difference is about 5%, which is economically important albeit statistically insignificant. To summarize, we find a qualitatively similar cross-sectional IV effect in most of the other G7 countries.
In Table 7 , we also investigate an early U.S. sample spanning the period February 1926
to June 1962. The data provide another out-of-sample test for the cross-sectional IV effect.
Panel I shows that the return difference between the first and fifth quintiles is positive; however, it is economically small (1% a year) and statistically insignificant at the conventional level.
Therefore, in contrast with the post-1962 evidence by Ang, Hodrick, Xing, and Zhang (2006) , a simple trading strategy of buying low IV stocks and shorting high IV stocks does not work well in the early period. The return difference, however, becomes economically large (7% a year) and statistically significant at the 10% level after we control for its loadings on the market risk. The results highlight the importance of controlling for the market risk in detecting the cross-sectional IV effect because high IV stocks tend to have larger market betas that do low IV stocks.
To summarize, consistent with the evidence obtained from the modern U.S. sample, we find that high IV stocks tend to have lower CAPM-adjusted returns than do low IV stocks in most of the other G7 countries as well as in the early U.S. sample. Therefore, the cross-sectional IV effect is a pervasive phenomenon and cannot be simply attributed to data mining.
B. Cross-Country Correlation of the CAPM-Based IV Effect
Many early studies have found that international equity markets are influenced by common economic forces. For example, Harvey (1991) shows that U.S. financial variables outperform their local counterparts in the forecast of international stock market returns. If IV is a proxy of discount-rate shocks, we expect that the cross-sectional IV effect should have strong comovement between the U.S. and the other G7 countries. Table 8 presents the cross-country correlation of the return difference between the first and fifth IV quintiles (as reported in Table   7 ). Except for Germany, the trading profits of the other G7 countries are indeed closely correlated with their U.S. counterpart, with the correlation coefficients ranging from 28% to 40%. The comovement among the other G7 countries, however, is relatively weak. The strong comovement of the cross-sectional IV effect between the other G7 countries and the U.S. is consistent with the results by Guo and Savickas (2008) , who find that VWAIV and MV in the other G7 countries move closely to their U.S. counterparts. Moreover, U.S. VWAIV and MV jointly have significant predictive power for international stock market returns; and they even subsume the information content of their local counterparts in the forecasting regressions. To summarize, the U.S. stock market has a pervasive influence on international stock markets.
C. Relation between Time-Series and Cross-Sectional IV Effects in G7 Counties
In this subsection, we investigate the relation between time-series and cross-sectional IV effects in G7 countries. Portfolio returns are originally denominated in local currencies. For comparison, we convert them into returns in term of the U.S. dollar by applying the corresponding foreign exchange rates. The quarterly excess portfolio return is the difference between the portfolio return denoted in the U.S. dollar and the U.S. risk-free rate. Table 9 presents the OLS estimation results of forecasting excess portfolio returns using U.S. MV and VWAIV. We use the U.S. variables as proxies for systematic risks of the world market because they subsume the information content of their local counterparts in the forecast of international stock market returns (see, e.g., Guo and Savickas (2008) ). 11 We confirm that U.S. VWAIV and MV have significant predictive power for international portfolio returns. The results for the G7 countries are qualitatively similar to their U.S. counterparts, as reported in Tables 1 and 3 . The coefficients are positive for MV and negative for VWAIV; they are statistically significant at least at the 10% level for most of the international portfolios. The coefficient on MV increases from low IV stocks to high IV stocks; by contrast, the coefficient on VWAIV decreases from low IV stocks to high IV stocks. As a result, the return on the hedging portfolio of buying low IV stocks and shorting high IV stocks correlates negatively with MV but positively with VWAIV. Also, 2 R increases from low IV stocks to high IV stocks. The results suggest that, consistent with the U.S. evidence, the cross-sectional IV effect in the international markets may also reflect systematic risk, which we investigate formally next. Table 2 To summarize, the international data also provide additional support for the hypothesis that the IV effects reflect systematic risk. 12 The loadings on MV and VWAIV are likely to be less precisely estimated for international stock returns than for U.S. stock returns for two reasons. First, the sample period is substantially shorter for international data than for the modern U.S. data. Second, international stock returns are more volatile than U.S. stock returns. To obtain precise estimates of the factor loadings, we restrict the intercept to be zero in the first-pass regression in row 13 of Table 2 .
Panel D of
The results reported in row 14 of Table 3 are not sensitive to such a restriction, however. This is because 2 R is much higher and factor loadings are much more precisely estimated in the regressions of portfolio returns on contemporaneous risk factors constructed using portfolio returns than in the forecasting regressions of portfolio returns on lagged variances.
VI. Model Diagnostics
This section conducts some diagnostic tests of IVF as a priced risk factor using the stochastic discount factor representation. For brevity, we only briefly discuss the main framework, which follows closely Cochrane (2001) . 
where the coefficients b′ are prices of risk. The linear stochastic discount factor model has an equivalent beta pricing model representation: R is the risk-free rate or the return on a zero-beta asset.
We estimate the asset pricing equation (1) using Hansen's (1982) general method of moments (GMM). For robustness, we consider 3 commonly used weighing matrices: The identity weighting matrix; the inverted covariance matrix of the portfolio returns, as advocated by Hansen and Jagannathan (1997) ; and the optimal weighting matrix proposed by Hansen (1982) . For the first two weighting matrices, we test the model's goodness of fit using the distance measure (Dist) proposed by Jagannathan and Wang (1996) and Hansen and Jagannathan (1997) . We use Hansen's (1982) J-test for the optimal weighting matrix.
In Table 10 , we use 10 U.S. portfolios of stocks with either the highest or the lowest IV within each size quintile, which are selected from the 25 portfolios sorted by size and IV, as used in Table 3 . As in Lettau and Ludvigson (2001) , we use only a subset of the portfolios because we want to mitigate the potential small sample bias of the GMM estimator. The model with MKT, SMB, and IVF as the risk factors is not rejected at the 1% level regardless of the weighting matrix used. Ahn and Gadarowski (2004) have noted that the test based on the distance measure tends to reject the true model too often in small samples. With this caveat in mind, IVF appears to perform reasonably well in explaining the cross-section of stock returns.
Moreover, the risk premium for IVF is always positive and statistically significant.
To investigate further the explanatory power of IVF for the portfolios sorted by size and IV, we report alphas in Table 11 . Panel A reports the alpha based on the multifactor model with the excess market return (MKT), the size factor (SIZE), and IVF, while panel C reports the alpha based on CAPM. The absolute value of the alpha is usually smaller for the multifactor model than for CAPM. More importantly, panel B shows that the alpha based on the multifactor model is statistically significant at the 5% level for only 2 portfolios, compared with 14 portfolios for the CAPM-based alpha. The multifactor model thus performs noticeably better than CAPM.
Lastly, in Table 12 , we use 14 portfolios constructed using international data, which are the quintile of stocks with the highest IV and the quintile of stocks with the lowest IV for each of the G7 countries. Again, we find that IVF is always significantly priced and the model is not rejected at the conventional significance level.
VI. Conclusion
Recent empirical studies find that IV has negative effects on expected stock returns in both the time-series and cross-sectional regressions. In this paper, we document a close link between the time-series and cross-sectional IV effects, suggesting that IV might be a proxy of risk. The return difference between low and high IV stocks, IVF, is significantly priced in the cross-section of stock returns. Loadings on lagged market variance and lagged average IV account for a significant portion of variation in average returns on portfolios sorted by IV. The variance of IVF is closely correlated with average IV, and the two variables have similar explanatory for the time-series and cross-sectional stock returns. Note: We first sort all CRSP common stocks equally into 5 portfolios by market capitalization and then sort the stocks within each size quintile equally into 5 portfolios by the CAPM-based IV. S1 is the quintile portfolio of stocks with the smallest market capitalization and S5 is the quintile portfolio of stocks with the largest market capitalization. Within each size quintile, IV1 is the quintile portfolio of stocks with the lowest IV and IV5 is the quintile portfolio of stocks with the highest IV. We construct the portfolio returns using the value weighting scheme. The excess portfolio return is the difference between the portfolio return and the risk-free rate. We regress the one-quarter-ahead excess portfolio return on MV and VWAIV and report the OLS estimation results in panels D to H. The sample spans the period 1964Q1 to 2005Q4. T-statistics are reported in parentheses in panel B. We calculate t-statistics using the heteroskedasticity-consistent standard error. Note: In panel A to C, we sort all CRSP common stocks equally into 5 portfolios by market capitalization and then sort the stocks within each size quintile equally into 5 portfolios by the CAPM-based IV. In panel D, we use 35 international portfolios sorted by the CAPM-based IV, with 5 portfolios for each of the G7 countries. MV is realized stock market variance; VWAIV is value-weighted average idiosyncratic variance; MKT is the excess stock market return; and SMB is the size factor of the Fama and French (1996) 3-factor model. IVF is the equal-weighted average of the return difference between IV1 (quintile with lowest IV) and IV5 (quintile with the highest IV) across all size quintiles; and V_IVF is realized variance of IVF. V_IVF + is the residual of the regression of V_IVF on a constant and VWAIV. The Shanken (1992) corrected t-statistics are reported in parentheses. Note: We first sort all CRSP common stocks equally into 5 portfolios by market capitalization and then sort the stocks within each size quintile equally into 5 portfolios by the CAPM-based IV. S1 is the quintile portfolio of stocks with the smallest market capitalization and S5 is the quintile portfolio of stocks with the largest market capitalization. Within each size quintile, IV1 is the quintile portfolio of stocks with the lowest IV and IV5 is the quintile portfolio of stocks with the highest IV. We construct the portfolio returns using the value weighting scheme. The excess portfolio return is the difference between the portfolio return and the risk-free rate. We regress the one-quarter-ahead excess portfolio return on MV and VWAIV and report the OLS estimation results in panels D to H. The sample spans the period 1926Q4 to 2005Q4. T-statistics are reported in parentheses in panel B. We calculate t-statistics using the heteroskedasticity-consistent standard error. Fama and MacBeth (1973) cross-sectional regression results using excess returns on the 25 Fama and French (1996) portfolios sorted by size and B/M. The excess portfolio return is the difference between the portfolio return and the risk-free rate. MKT, HML, and SMB are the excess stock market return, the value premium, and the size premium, respectively, of the Fama and French (1996) 3-factor model. IVF is the equalweighted average of the return difference between IV1 (quintile with lowest IV) and IV5 (quintile with the highest IV) across all size quintiles. HML + is the residual from the regression of HML on a constant and IVF. IVF + is the residual from the regression of IVF on a constant and HML. MV is realized market variance; VWAIV is average idiosyncratic variance; V_HML is realized variance of HML; and V_IVF is realized variance of IVF. V_HML + is the residual from the regression of V_HML on a constant and VWAIV. V_IVF + is the residual from the regression of V_IVF on a constant and VWAIV. The sample spans the period 1964Q1 to 2005Q4. We repot the Shanken (1992) corrected t-statistic in parentheses. Note: We sort CRSP common stocks equally into 5 portfolios by size, and then within each size portfolio we sort the stocks equally into 5 portfolios by the CAPM-based IV. The portfolio returns are calculated using the value weight. IV1 is the portfolio of stocks with the highest IV and IV5 is the portfolio of stocks with the lowest IV. We use the portfolio returns in the previous 12 quarters to forecast excess stock market returns in the following 4 quarters over the period 1950 to 2005. We report the bootstrapped p-values in parentheses. includes stocks with the lowest IV and the fifth quintile includes stocks with the highest IV. Column under title "1-5" reports the return difference between the first and fifth IV quintiles. Column "Alpha" reports the alpha of the return difference between the first and fifth IV quintiles relative to a measure of the world excess market return. We calculate the t-statistics using the heteroskedasticity-consistent standard error. Table 7 ) and the quintile of stocks with the highest IV (IV5 in Note: We estimate the stochastic discount factor models using ten portfolios of stocks with either highest or lowest IV selected from the 25 portfolios sorted by size and IV, as discussed in Table 3 . The law of one price implies the existence of a stochastic discount factor, R is the risk-free rate or the return on a zero-beta asset. We estimate the model using Hansen's (1982) general method of moments (GMM). For robustness, we consider 3 commonly used weighing matrices: The identity weighting matrix; the inverted covariance matrix of the portfolio returns, as advocated by Hansen and Jagannathan (1997) ; and the optimal weighting matrix proposed by Hansen (1982) . For the first two weighting matrices, we test the model's goodness of fit using the distance measure (Dist) proposed by Jagannathan and Wang (1996) and Hansen and Jagannathan (1997) . We use Hansen's (1982) J-test for the optimal weighting matrix. MKT is the excess market return; SMB is the size factor in the Fama and French (1993) 3-factor model; and IVF is the return difference between low and high IV stocks. All factors are constructed using U.S. data. Note: We first sort all CRSP common stocks equally into 5 portfolios by market capitalization and then sort the stocks within each size quintile equally into 5 portfolios by the CAPM-based IV. S1 is the quintile portfolio of stocks with the smallest market capitalization and S5 is the quintile portfolio of stocks with the largest market capitalization. Within each size quintile, IV1 is the quintile portfolio of stocks with lowest IV and IV5 is the quintile portfolio of stocks with the highest IV. We construct all the portfolios with the value weighting scheme. The excess portfolio return is the difference between the portfolio return and the risk-free rate. MKT is the excess market return; SIZE is the size factor in the Fama and French (1996) 3-factor model; and IVF is the return difference between low and high IV stocks. We calculate t-statistics using the heteroskedasticity-consistent standard error. 8.507 (0.579) Note: We estimate the stochastic discount factor models using 14 portfolios of stocks with either highest or lowest IV selected from the 35 international portfolios sorted by IV, as discussed in Table 7 . In particular, for each of G7 countries, we select the quintile of stocks with the highest IV and the quintile of stocks with the lowest IV. The law of one price implies the existence of a stochastic discount factor, R is the risk-free rate or the return on a zero-beta asset. We estimate the model using Hansen's (1982) general method of moments (GMM). For robustness, we consider 3 commonly used weighing matrices: The identity weighting matrix; the inverted covariance matrix of the portfolio returns, as advocated by Hansen and Jagannathan (1997) ; and the optimal weighting matrix proposed by Hansen (1982) . For the first two weighting matrices, we test the model's goodness of fit using the distance measure (Dist) proposed by Jagannathan and Wang (1996) and Hansen and Jagannathan (1997) . We use Hansen's (1982) J-test for the optimal weighting matrix. MKT is the excess market return; SMB is the size factor in the Fama and French (1996) 3-factor model; and IVF is the return difference between low and high IV stocks. All factors are constructed using U.S. data.
